Abstract: This paper presents an experimental study on modeling machine emotion elicitation in a socially intelligent service, the typing tutor. The aim of the study is to evaluate the extent to which the machine emotion elicitation can influence the affective state (valence and arousal) of the learner during a tutoring session. The tutor provides continuous real-time emotion elicitation via graphically rendered emoticons, as an emotional feedback to learner's performance. Good performance is rewarded by the positive emoticon, based on the notion of positive reinforcement. Facial emotion recognition software is used to analyze the affective state of the learner for later evaluation. Experimental results show the correlation between the positive emoticon and the learner's affective state is significant for all 13 (100%) test participants on the arousal dimension and for 9 (69%) test participants on both affective dimensions. The results also confirm our hypothesis and show that the machine emotion elicitation is significant for 11 (85%) of 13 test participants. We conclude that the machine emotion elicitation with simple graphical emoticons has a promising potential for the future development of the tutor.
Introduction
Human communication requires a certain level of social and emotional intelligence, including the ability to detect and express non-verbal communication cues (e.g., facial expressions, gestures, body posture, movement), which in turn provide sustenance for verbal communication in given context. Individual's emotional involvement through expressions of affect and emotions is an essential indicator of their attention and overall engagement in communication and provides further clues about their affective state, intentions, and attitudes [1] [2] [3] [4] .
For humans, the ability to sustain communication in real-time, and recognize, respond to, and elicit affective states, seems almost effortless. For machines, on the other hand, even a minimal level of social intelligence is much harder, if not impossible, to replicate [5] . The computational modeling of affective processes is extremely difficult-not only because of the procedural aspects related that also need to run in real-time (e.g., recognition, detection, processing, modeling, and generation of affect), but primarily due to the complexity of human behavior and multimodality of human interaction [6] . The interplay between behavioral and psychological aspects of human behavior and the idiosyncratic nature and variable expressions of human affect and emotions pose further challenges for the affective computing [7] . Any advances in these areas can improve human-machine interaction (HCI) . From the applied perspective the core research challenges are to produce for humans meaningful output [8] [9] [10] and more generally to "enable computers to better serve people's needs" [7] .
Being able to recognize, measure, model human affect, and generate appropriate affective feedback to establish a more naturalistic human-machine-communication (HMC) is key to the design of intelligent services. As in human communication, the use of affect and emotions in HMC is necessary for measuring and improving user experience and overall engagement [11] [12] [13] [14] . Naturalistic HMC can also minimize user-service adaptation procedures and maximize the engagement and the intended use of a service [15] [16] [17] . For a socially intelligent service to be successful, it should be capable of expressing some level of social and emotional intelligence. Such service is socially intelligent when it is capable of reading, detecting, measuring and estimating user's verbal and/or non-verbal social signals, producing machine-generated reasoning and emotional feedback, and sustaining HMC in real-time [18] .
The paper presents an experimental study on machine emotion elicitation in a socially intelligent service, the touch-typing tutor. The main hypothesis is that learner's affective state can be influenced by the machine-generated emotion expressions. The underlying assumption, not addressed in this paper, is that machine emotion elicitation can contribute to the learner's increased performance, attention, motivation, and overall engagement with a system [19] . In this paper, we evaluate the effect of machine emotion elicitation on the learner's affective state during a touch-typing session. For this purpose, two emotion models are integrated into the tutor. The machine emotion model of the tutor provides continuous real-time machine emotion elicitation via graphically rendered emoticons, as an emotional feedback to the learner's performance during the session. Simultaneously, the user emotion model of the tutor captures and maps learner's facial emotion expressions onto a 2-dimensional affective space of valence and arousal, for the evaluation of emotion elicitation effect.
The paper is structured as follows. After the general overview of related work in Section 2, Section 3 presents the architecture and the emotion models of the intelligent typing tutor. Section 4 presents the design of the experimental study. The experimental results are presented in Section 5, focusing on the evaluation of the machine emotion model, the correlation between the machine generated emoticon and learner's valence-arousal space, and the influence of the machine emotion elicitation on the learner's affective state. The paper ends with general conclusions and future work in Section 6.
Related Work
Research and development of a fully functioning socially intelligent service are still at a very early stage. However, various components that can ultimately lead to such a service have been under intensive development for several decades. We briefly present them below.
Social Intelligence, Social Signals, and Nonverbal Communication Cues
Various definitions of social intelligence exist, including skills in social interactions, ability to decode social information, exhibiting behavioral flexibility and adaptivity in different social contexts, among others. Thorndike coined the phrase "social intelligence" and defined it as the ability to "to act wisely in human relations" [20] . Gardner later argued for a theory of multiple intelligence, a more nuanced view of social intelligence which requires multiple cognitive abilities to adapt and respond to a particular social situation [21] . For Cantor and Kihlstrom, social intelligence is an "organizing principle", "a fund of knowledge about the social world", where differences in social knowledge cause differences in social behavior [22, 23] . A broader definition, also used in this paper, is given by Vernon [24] , who defines social intelligence as person's "ability to get along with people in general, social technique or ease in society, knowledge of social matters, susceptibility to stimuli from other members of a group, as well as insight into the temporary moods or underlying personality traits of strangers". Social intelligence is also viewed as an ability to express and recognize social cues and behaviors [25, 26] , including various non-verbal cues, such as gestures, postures and face expressions, exchanged during social interactions [27] .
Social signals (cues) are extensively being analyzed in the field of HCI [27] [28] [29] , often under different terminology. For example, [30] use the term "social signals" to define a continuously available information required to estimate emotions, mood, personality, and other traits that are used in human communication. Others [31] define such information as "honest signals", as they allow to accurately predict the non-verbal cues and, on the other hand, one is not able to control the non-verbal cues to the extent one can control the verbal form. In this paper, we will use the term "social signal".
Behavioral Measurements
The development of wearable sensors has enabled acquisition of user data in near real-time. As a result, notable advances can today be found in research on multimodal expressions of human behavior, especially in the fields of social computing, affective computing, and HCI, with the development of several novel measurement related procedures and techniques. For example, behavioral measurements are used to extend communication bandwidth and develop smart technologies [32] , conversational intelligence based on the environmental sensors [33] , and estimation of user behavior (e.g., emotion estimation) [34, 35] . Several research works use behavioral measurements to study human behavior and usability aspects in regard to technology use, analyzing stress estimation [36] , workload estimation [37] , cognitive load estimation [38] [39] [40] , and classification [41] , among many others. A good example where aforementioned measurements all come into play is in intelligent tutoring systems [42] , which are also relevant to the topic of this paper.
Intelligent Tutoring Systems
Intelligent tutoring systems (ITS) use technology to enable meaningful and effective learning. Research has shown that ITSs are nearly as effective as human tutoring [43] . ITSs often use affective computing and emotion mediation to improve user experience and performance of learning [44] [45] [46] [47] . Moreover, several ITSs exist that support some level of social intelligence, ranging from emotion-aware to meta-cognitive. One of the more relevant examples is the intelligent tutoring system AutoTutor/Affective AutoTutor [47] . AutoTutor/Affective AutoTutor employs both affective and cognitive modeling to support learning and engagement, tailored to the individual user [47] . Some other examples include: Cognitive Tutor [48] -an instruction based system for mathematics and computer science, Help Tutor [49]-a meta-cognitive variation of AutoTutor that aims to develop better general help-seeking strategies for students, MetaTutor [50] -which aims to model the complex nature of self-regulated learning, and various constraint-based intelligent tutoring systems that model instructional domains at an abstract level [51] , among many others. Studies on affective learning indicate the superiority of emotion-aware over non-emotion-aware services, with the former offering significant performance increase in learning [52] [53] [54] and release of stress and frustration [55, 56] .
Computational Models of Emotion
One of the core requirements for a service to be socially intelligent is the ability to detect and recognize emotions and exhibit the capacity for expressing and eliciting basic affective (emotional) states. Most of the literature in this area is dedicated to the affective computing and computational models of emotion [10, 57, 58] , which are mainly based on the appraisal theories of emotion [8] .
The field of affective computing has developed several approaches to modeling, analysis, and interpretation of human emotions [5] . One of the most known and widely used emotion annotation and representation models is the valence-arousal emotion space, based on Russell's valence-arousal model of affect [59] . The valence-arousal space is used in many human to machine interaction settings [60] [61] [62] , and was also adopted in the socially intelligent typing tutor (see Section 3.3.2). There are other attempts to define models of human emotions, such as specific emotion spaces for human-computer interaction [63] , or more recently, models for the automatic and continuous analysis of human emotional behavior [5] .
Several challenges remain, most notably in design, training, and evaluation of computational models of emotion [64] , critical analysis and comparison, and their relevance for other research fields (e.g., cognitive science, human emotion psychology) [10] . Recent research on emotions argues that traditional emotion models might be overly simplistic [9] , pointing out the notion of emotion is multi-componential and includes "appraisals, behavioral activation, action tendencies, and motor expressions" [65] . There is a need for the "multifaceted conceptualization" in the modeling of emotions that can be linked to "qualitatively different types of evaluations" used in the appraisal theories [66] .
Emotion Recognition From Facial Expressions
Research on emotions has demonstrated the central importance of facial expressions in recognition of emotions [1] . As a result, various classification systems for mapping facial expressions and emotions had been developed [6] , most of them based on emotions studied by [67] . For example, Ekman and Friesen had developed the Facial Action Coding System (FACS), where observable components of facial movements are encoded in 44 different Action Units (AUs)-various combinations of AUs represent various facial expressions of emotion [68] . Several other alternatives exist, such as the MPEG-4 Facial Animation Parameters (FAP) standard for virtually representing humans and humanoids [69] and the FACS+, which is based on computer vision system for observing facial motion [70] .
Emotion Elicitation Using Graphical Elements
Research on emotion elicitation using simple graphical elements (such as emoticons and smilies) is far less common than research on emotion elicitation with affective agents such as facial expressions, humanoid faces, or emotional avatars [71] [72] [73] [74] [75] [76] . Whereas several studies on emotion elicitation use different stimuli (e.g., pictures, movies, music) [77, 78] and behavioral cues [72] , only a few tackle the challenges of affective graphical emoticons for purpose of emotion elicitation [74] . In the intelligent typing tutor, the learner's emotions are elicited by the graphical emoticons (smilies) via tutor's dynamic graphical user interface. The choice of smilies was due to their semantic simplicity, unobtrusiveness, and ease of continuous adaptation (various degrees of a smile) and measurement. Using pictures as emotional stimuli would add additional cognitive load, possibly elicit multiple emotions, and distract the learner from a task at hand. The presented approach also builds upon the findings of the existing research in affective computing and emotion elicitation, which shows that the recognition of emotions represented by affective agents is intuitive for humans [79] , that human face-like graphics increase user engagement [80, 81] , and that emotion elicitation with simple emoticons can be significant [56, 76] . The latter is discussed in Section 5.
Emotion Elicitation in a Socially Intelligent Service: The Intelligent Typing Tutor
The following sections discuss general requirements of a socially intelligent service, the architecture of the intelligent typing tutor, and the models used for emotion elicitation in our experimental study.
General Requirements for Emotion Elicitation in a Socially Intelligent Service
A socially intelligent service should be capable of performing the following elements of social intelligence in regard to emotion elicitation: For example, in the intelligent typing tutor case study, the intended goal is to reward learner's performance and progress. The touch-typing lessons are carefully designed and adapt in regard to the typing speed and difficulty to meet user's capabilities, temporary affective state, and other non-verbal communication cues.
Such service is capable of sustaining efficient, continuous, and engaging HMC. It also minimizes user-service adaptation procedures. An early-stage example of a socially intelligent service that uses emotion elicitation to reward learner's performance is provided below.
The Architecture of the Intelligent Typing Tutor
The overall goal of the typing tutor is to reward learner's performance and thus improve the process of learning touch-typing. For this purpose, machine generated emotion elicitation is used together with the notion of positive reinforcement to respond to and reward learner's performance. In its current version, the tutor employs simple emoticon-like graphics for the machine emotion elicitation and state-of-the-art sensor technology to continuously measure and analyze learner's behavior.
Typing tutor's main building blocks consist of:
1. Web GUI: to support typing lessons and machine-generated graphical emoticons (see Figure 1 ). Data is stored on the server for later analysis and human annotation procedures. Such architecture allows for crowd-sourced testing and efficient remote maintenance. 2. Sensors: to gather behavioral data and monitor learner's status in real-time. The recorded data is later used to evaluate the effectiveness of the machine generated emotion elicitation. The list of sensors integrated into the typing tutor environment includes:
• Keyboard input recorder: to monitor cognitive and locomotor errors that occur while typing;
• Wrist accelerometer and gyroscope: to trace hand movement;
• Emotion recognition software: to extract learner's facial emotion expressions in real-time;
• Eye tracking software: to measure eye gaze and pupil size, and estimate learner's attention and possible correlates to typing performance.
3. Machine emotion model: for modeling machine-generated emotion expressions (through graphical emoticons; see Section 3.3.1). 4. User emotion model: for measuring learner's emotion expressions (and performance) during a tutoring session (see Section 3.3.2). 5. Typing content generator: which uses learner's performance to recommend the appropriate level of typing lectures.
The intelligent typing tutor is publicly available as a client-server service running in a web browser [82] . 
Modeling Emotions in the Intelligent Typing Tutor
The typing tutor employs two emotion models: (a) the machine emotion elicitation model based on the graphical emoticons and (b) the user emotion model that maps learner's emotions onto a valence-arousal space. The role of emotion elicitation in the intelligent typing tutor is that of basic HMC and reward system. The underlying argument for the emotion elicitation is that by employing machine-generated emotion elicitation we can to some extent influence learner's affective state and thus reward their performance. The notion of positive reinforcement [83] was used in the design of the machine emotion model. According to the positive reinforcement theory, the rewarded behaviors will appear more frequently in future, and also improve learner's motivation and engagement [83] [84] [85] [86] . In the tutor, the machine-generated positive emotion expressions (smilies) act as rewards for the learner's performance in the touch-typing practice. Learners are rewarded by the positive emotional response when they successfully complete a series of sub-tasks within a limited time (e.g., use correct fingering and keyboard input per letter). Negative reinforcement, where learners would be penalized for their mistakes, is not supported for two reasons. First, there is no clear indication that negative reinforcement would positively contribute to the learning experience and overall engagement, and second, such an approach would require additional dimension, adding additional complexity to the experimental study.
Machine Emotion Elicitation Model
The intelligent typing tutor uses the machine emotion elicitation model to reward learner's performance. It is based on the notion of positive reinforcement-the rewards come as positive emotional responses conveyed by the machine-generated graphical emoticon. The graphical emoticons were selected from the subset of the emoticons in Official Unicode Consortium code chart [87] , via tutor's interface (as shown in Figure 1 ). These emotional responses range from neutral to positive (smiley) and act as stimuli to boost learner's performance.
The intensity of the emoticon Φ m is defined by the interval [0, 1], ranging from neutral to positive. The neutral emoticon is defined by the threshold eT that covers the lower 15% of the total emoticon intensity interval. This threshold eT represents the intensity of the neutral emoticon where the changes in its mouth curvature are visually still perceived as neutral. The threshold for the neutral emoticon was defined by the human observation of the Φ m levels.
The machine emotion model was designed following the recommendations of the typing expert. The typing session starts with a neutral emoticon. As the session progresses, the emoticon intensity Φ m updates gradually based on the performance values from the past time windows and the number of samples (see also Section 5). The performance is estimated as good or bad by the learner's typing errors and input delays (e.g., incorrect key input for the character presented on screen, the delay between the character presented and the key pressed, etc.). Note that the positive reinforcement (i.e. for the positive emoticon to come into effect and reward good performance) is not immediate and requires the learner to show good performance over time. Such approach also avoids rapid switching between the different intensity levels. Consequently, there are short time intervals of good performances represented by the neutral emoticon, before the positive reinforcement starts.
To reward and improve learner's performance, as well as attention, motivation, and overall engagement, the machine-generated emotional feedback needs to function in real-time. To implement it successfully the designer needs to decide which behaviors need reinforcement and how often. However, in this early version, the positive reinforcement of the machine emotion model is linked exclusively to the learner's performance, with the aim to reward it. More realistic applications of the machine emotion elicitation model are planned to align the notion of positive reinforcement with other aspects, such as learner's affective state, attention, motivation, frustration level, and task-load, among others. Such an approach would also enable dynamic personalization, similar to the conversational RecSys [88] .
User Emotion Model
The underlying argument for the emotion elicitation presented in this paper is that learner's affective state can be to some extent elicited by the machine-generated graphical emoticons.
The learner's affective state is measured with the valence-arousal model [59] . The user emotion model automatically measures learner's facial emotion expressions and maps them onto the valence-arousal space in real-time, using emotion recognition software Noldus FaceReader Version 6.1.
[89].
Two independent linear regression models were used to analyze the emotion elicitation in the typing tutor, and to obtain the models' quality of fit and the proportion of the explained variance. The valence and arousal data gathered from learner's emotion expressions were fitted as dependent variables, whereas the machine-generated emoticon was fitted as an independent variable (Equation (1)). Analysis of the data showed the variation of the independent variable was sufficiently high to reliably estimate the goodness-of-fit measure R 2 (R 2 represents the coefficient of determination).
where Φ m stands for the one dimensional parametrization of the intensity of the emoticon, for the interval [0, 1]. Notations β 1V and β 1A are the emotion elicitation linear model coefficients for the dimensions of valence and arousal, β 0V and β 0A are the averaged effects of other influences on the dimensions of valence and arousal, and ε V and ε A are the independent variables of white noise. There is no indication that emotion elicitation should be modeled as linear. Non-linear models might be more efficient at modeling emotion elicitation. However, the linear regression model was selected due to its efficient fitting procedure. Results show that the linear model can adequately capture the emotion elicitation process (see Section 5) . Additionally, the residual plots (not reported here) showed that linear regression assumptions (homoscedasticity, the normality of residuals) are not violated.
Experimental Study
The experimental study consisted of 32 participants that completed the typing session, with the average duration approx. 17 min (1020 s) per session. The participants that did not complete the session, or the pre-and post-questionnaires, were excluded from the study. The participants were a homogeneous of the 4th year university female students (from the Faculty of Education, University of Ljubljana), with a similar level of typing expertise. The participants signed the experiment consent form and completed a short test with the pre-questionnaire inquiring about their typing technique and experience. The results showed none of the participants was skilled in touch-typing-they used different typing patterns, required frequent visual (keyboard-to-screen) reference while typing, and engaged max. 3-4 fingers on each hand while typing. None of the participants had had previous experiences with a structured touch-typing practice.
For the typing session, the same set of expertly designed touch-typing lessons was given to all the participants. Additionally, the participants were required to complete four self-reports. Two self-reports were required from the participants before and after the experiment, inquiring about their attention, enthusiasm, tiredness, stress and task-load. Two identical in-session self-reports were given to the participants during the experiment, with three questions for rating their attention, task difficulty, and performance.
Additionally, the automatic interruptions (distractors) were integrated into the experiment to observe the participant's behavior during the touch-typing session in different attentional conditions (in line with the divided attention theory [90, 91] ). Three different experimental conditions were created: the primary task of touch-typing, the secondary task (given the distractor to the primary task), and switching from the primary to the secondary task and back. These experimental conditions were used to simulate the demanding modern working/learning environment where multitasking and interruptions (distractions) are very common.
The data was acquired in real-time using sensors and Noldus FaceReader emotion recognition software (as described in Section 3.2). For the analysis of results presented in the Section 5, 13 randomly selected participants were analyzed on the test segment of the overall experiment. The number of test participants is sufficient (comprising 40% of the participants) given the homogeneous study group. The main reason for not analyzing all 32 participants was due to the synchronization issues with our measuring system, which initially required manual synchronization of the data time stamps for each of the participants. Thus, the participants were first randomly selected and subsequently their data double-checked by manually. The duration of the test segment was 380 s, taken from the 6 to 12.2 min interval of the overall duration of the experiment (1020 s).
The test segment includes one in-session self-report and both interruptions, and is composed of the following steps:
1. Before the experiment: the instructions are given to the test users, who are informed by the personnel about the goal and the procedure of the experiment. Setting up sensory equipment; 2. At 00 s: the start of the experiment: the wrist accelerometer and the video camera are set on, and the experimental session starts; 3. At 30 s: the self-report with three questions, inquiring about the participant's attention, task difficulty, and performance. (The results of the self-reports are not presented in this paper.); 4. At 60 s: the machine-generated sound disruption of the primary task: "Name the first and the last letter of the word: mouse, letter, backpack, clock"; 5. At 240 s: the machine-generated sound disruption of the primary task: "Name the color of the smallest circle" on the image provided in the tutor's graphical user interface. This cognitive task is expected to significantly disrupt the learner's attention away from the typing exercise; 6. The test segment ends at 380 s.
The following section presents the results of the experimental study and the evaluation of the emotion elicitation in the intelligent typing tutor.
Results of the Experimental Study
The analysis of the experimental data was conducted to measure the effect of emotion elicitation in the tutor. The estimation is based on the emotion elicitation model (1) fitting. The model (1) is fitted using linear regression on the measured data for the duration of the test segment. R 2 s are computed for each discrete time instant of the test segment, using the window reaching 4 s (40 samples) in the past. Valence and arousal dimensions are treated as dependent variables, whereas the machine emotion elicitation expressed through the graphical emoticon is treated as the independent variable ranging from 0 (neutral elicitation) to 1 (maximum positive elicitation). R 2 s for the two modes of emotion elicitation are obtained-R 2 for the neutral elicitation with the emoticon threshold eT close to 0 (see Section 3.3.1), and R 2 for the positive elicitation in all other cases.
The data is sampled in a non-uniform manner due to the technical properties of the sensors (internal clocks of sensors are not sufficiently accurate, etc.). The data is approximated by continuous smooth B-splines of order 3, according to the upper-frequency limit of measured phenomena, and uniformly sampled to time-align data (for brevity, we skip resampling details). Mann-Whitney U test was used for the statistical hypothesis testing, for the analysis of valence and arousal, and for the comparison of mean R 2 s. The significance level used in all tests was α = 0.05.
The results of the experimental study are presented in the following sections. The results in Section 5.1 are presented in the context of the "positive reinforcement", the term we use throughout this paper to define the connection between the emoticon and the performance. We present the dynamics of the learner's affective state throughout the test segment. The supporting tables and figures show differences in R 2 s and significance levels for the valence and arousal dimensions, and error rates and time interval durations, given the positive reinforcement. Section 5.2 tests our main hypothesis. It introduces additional criteria to conduct the measurement of the machine emotion elicitation and evaluate its influence on the affective state of the learner.
Measuring Learner's Affective State
The machine emotion elicitation model is based on the notion of positive reinforcement, defined by the learner's typing performance. The performance is estimated as good or bad based on the learner's typing errors and input delays and analyzed within a predefined time window (see Section 3.3.1).
To fit the regression models the 40 past samples from the time window of 4 s of real-time were used (see the previous section). These two values were selected as an optimum to the competitive arguments for more statistical power (requires more samples) and for enabling the detection of the time-dynamic changes in the effectiveness of emotion elicitation (requiring shorter time intervals, leading to fewer samples). Note that changing this interval from 3 to 5 s did not significantly affect the fitting results. Results are given in terms of R 2 V , R 2 A representing the part of the explained variance for valence and arousal, and in terms of the p V , p A -values testing the null hypothesis regression models
, given the emoticon. To detect the time intervals when the affective state of the learner changes due to the positive reinforcement, we conducted the null hypothesis testing H 0 = [R 2 = 0]. The influence of the positive reinforcement is determined as the present where the null hypothesis is rejected. Figure 2 and Table 1 show the valence-arousal ratings for five test participants. Note that, due to space constraints of this paper, the results presented in the figures are limited to five test participants. The X-axis times for all the figures are relative in seconds [s] and show the overall duration of the test segment. The figure shows the variations in the learner's affective state through time, with the higher values for the arousal dimension for the presented test participants. The learner's affective state given the positive reinforcement is represented by the p-values p A and p V in Figure 3 .
The linear regression model (R 2 ) as a function of time for the valence and arousal dimensions is presented in Figure 4 . The figure shows that the effect of positive reinforcement varies highly. Similar results were detected among all participants. The variations on the valence and arousal dimensions are probably due to general difficulties of capturing unstructured and noisy behavioral data, especially when using automatic emotion recognition from facial expressions in a real-world scenario. However, it is too early to draw any meaningful conclusion on the reasons for the high variations at this stage, as other potential factors influencing the measurement of learner's affective state (such as their emotion expressivity, task load, stress level, etc.) need to be evaluated. Histograms (Figures 5 and 6) show the durations for the time intervals when the positive reinforcement is active vs. inactive, for the valence and arousal dimensions respectively. The results show longer time intervals (longer duration) for instances where the reinforcement is active: on average 18.34 s for valence and 25.64 s for arousal, compared to the average durations of 2.54 s for valence and 2.09 s for arousal when reinforcement is inactive. Such large differences in the average durations are due to the design of the positive reinforcement in the machine emotion model, which is based exclusively on the learner's performance. Additional insight is given by the analysis of the learners' error rates throughout the test segment, presented in Figure 7 . Again, these results represent the underlying design of the machine emotion model, which only rewards learner's performance. As shown in Figure 7 , the average number of errors (through time) is higher for the intervals with no reinforcement (defined by the neutral emoticon (red dot)), compared to the instances when reinforcement is active (positive emoticon (blue dot)). However, note that the occasional short time intervals of good performance are also represented by the neutral emoticon (red dot), due to the delay in the positive reinforcement (see Section 3.3.1). Missing values are due to the self-report (at 30 s) or the default interruption in the tutoring session (see Section 4), or when the typing was paused by the learner. Presented results give some insight into the dynamics between the learner's affective state and the performance-based positive reinforcement of the machine emotion model. However, these results do not offer a reasonable proof for the influence of the machine emotion elicitation on the learner's affective state. It is impossible to infer what exactly influences learner's affective state-the emoticon or the performance-as they conflate the emoticon with the typing performance. We try to ameliorate this issue in the following section.
The Influence of the Machine Emotion Elicitation on the Learner's Affective State
The machine emotion elicitation model uses error-based performance evaluation as the underlying mechanism to generate the corresponding neutral and positive emoticon responses. This presents inherent limitation: the influence of machine emotion elicitation on learner's affective state is obfuscated by the typing performance. As the machine emotion elicitation is defined exclusively by the learner's typing performance, it is difficult to directly measure the effect that the machine emotion elicitation has on the learner's affective state. That is, it is difficult to argue that the learner's affective state is influenced by the machine generated emoticons and not by the learner's good or bad performance. To test our hypothesis, additional measures are needed.
In this section, additional criteria are given that enable the measurement of the machine emotion elicitation effect on the learner's affective state. We do this by (to an extent) isolating the effect of the typing performance from the effect of the emoticons on the learner's affective state. The argument goes as follows. Emotion elicitation in the touch-typing tutor is defined by the learner's (good vs. bad) performance. Good performance is associated with the positive elicitation and represented by the positive emoticon, whereas the neutral elicitation is represented by the neutral emoticon and by both, bad and good performance. As noted in Section 3.3.1, the threshold for the positive reinforcement to come into effect and reward learner's good performance (with the positive emoticon) is not immediate. Consequently, there are time intervals of neutral elicitation, where the learner's performance is good, but not yet rewarded (the emoticon remains neutral), before the positive reinforcement comes in effect. Thus, we define the neutral elicitation by the instances of good performance where the emoticon is still in its neutral state. This way, we eliminate the effect of bad performance and simultaneously reduce the influence of good performance on the learner's affective state-the learner was already performing well even before the positive reinforcement came in effect.
The procedure goes as follows. First, we define the error-based threshold for the good performance, based on the expert advice and as designed in the machine emotion model. The regression model described in Section 5.1 is used for the fitting. The performance threshold is defined by the number of errors, given the time window and the number of samples. This step is crucial to avoid sampling of the isolated error-free instances, which would skew the results. Based on the predefined error threshold (< 20% error-ratio), the instances of bad performance are filtered out. Next, we define the emoticon threshold eT for the neutral and positive emoticons (see also Section 3.3.1). In the machine emotion model, the threshold for the neutral emoticon eT is set to proportionally represent the lower 15% of the total emoticon intensity Φ m range [0, 1] . This range represents the intensity of the neutral emoticon where the changes in its mouth curvature are visually still perceived as neutral. These criteria isolate the effect of the typing performance from the effect of the emoticons by eliminating the instances of bad performance and only measuring the instances of positive and neutral emotion elicitation where the learner's performance was good. Table 2 shows the p-values for the null hypothesis H 0 = [R 2 = 0], confirming the correlation between the independent variable (positive emoticon) and the learner's affective state for valence (P_p-val.) and arousal (A_p-val.). The results show the correlation between the positive emoticon and the learner's affective state is significant for all 13 (100%) test participants on the arousal dimension and for 9 (69%) test participants on both dimensions. The hypothesis arguing the influence of the machine emotion elicitation on the learner's affective state is confirmed below. Table 3 presents the mean valence and arousal values given the neutral (m(V)_neut., m(A)_neut) and the positive emoticon (m(V)_pos., m(A)_pos.), and the significance of the positive emoticon for valence and arousal (V_p-val, A_p-val). The results presented in Table 3 show that the machine emotion elicitation is significant for 11 (85%) of 13 test participants: among these, for 9 (82%) test participants along the valence dimension and for 7 (64%) test participants along the arousal dimension. Moreover, 5 (45%) of the participants that exhibited significant elicitation effect (uID3, uID10, uID16, uID19, and uID26) were significantly influenced on both affective dimensions. Assuming the worst case scenario that none of the 19 remaining participants exhibit significant elicitation effect, the machine emotion elicitation is still significant with p < 0.05 for 34% of the participants that had taken part in the study.
Conclusions and Future Work
The paper evaluated the role of machine emotion elicitation in the intelligent typing tutor. The machine elicitation is based on the notion of positive reinforcement and rewards learner's good performance with emotional feedback via graphical emoticons. The main hypothesis of the paper argued that the machine emotion elicitation can influence learner's affective state during the tutoring session.
We conducted an experimental study with 32 participants and randomly selected 13 participants for the analysis of the experimental results. Given the machine emotion elicitation is performance-based, additional criteria had to be defined to enable the measurement of the emotion elicitation effect on the affective state of the learner. These criteria eliminate the effect of bad performance and simultaneously reduce the influence of good performance on the learner's affective state. Under these criteria, the linear regression model used for the evaluation only samples good performance instances for both modes of (neutral and positive) emotion elicitation.
The experimental results confirm the correlation between the positive emoticon and the learner's affective state with significant correlation for all 13 (100%) test participants on the arousal dimension and for 9 (69%) test participants on both dimensions. The results also confirm our hypothesis that the machine emotion elicitation can influence the affective state of a learner during a tutoring session. The machine emotion elicitation was significant for 11 (85%) test participants: for 9 (82%) on the valence dimension, for 7 (64%) on the arousal dimension, and for 5 (45%) test participants on both affective dimensions.
Capturing any type of behavioral data is difficult. The performance-based emotion elicitation varied strongly and frequently throughout the test segment for all test participants and on both affective dimensions. This is at least in part associated with the difficulty of capturing unstructured and noisy behavioral data. Future work will focus on the reasons for high variation in the machine emotion elicitation. It is also necessary to consider alternative modes of machine emotion elicitation beyond simple graphic emoticons, as well as design more realistic applications to align the notion of positive reinforcement with other aspects, such as attention, motivation, frustration level, and task-load, among others.
